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Abstract Efficient behavioral assays are crucial for under-

standing the neural mechanisms of cognitive functions.

Here, we designed a high-throughput automatic training

system for spatial cognition (HASS) for free-moving mice.

Mice were trained to return to the home arm and remain

there during a delay period. Software was designed to

enable automatic training in all its phases, including

habituation, shaping, and learning. Using this system, we

trained mice to successfully perform a spatially delayed

nonmatch to sample task, which tested spatial cognition,

working memory, and decision making. Performance

depended on the delay duration, which is a hallmark of

working memory tasks. The HASS enabled a human

operator to train more than six mice simultaneously with

minimal intervention, therefore greatly enhancing experi-

mental efficiency and minimizing stress to the mice.

Combined with the optogenetic method and neurophysio-

logical techniques, the HASS will be useful in deciphering

the neural circuitry underlying spatial cognition.

Keywords Cognitive functions � Automatic training �
Free-moving mice � Working memory � Spatial cognition

Introduction

The design of behavioral paradigms plays an important role

in the study of cognition [1]. Suitable animal models and

reliable behavioral paradigms are necessary for under-

standing cognitive functions, such as working memory

[2, 3], decision-making [4, 5] and spatial navigation [6–8].

A well-designed behavioral paradigm is not only important

for basic research but also useful for preclinical studies,

including mechanistic studies of brain diseases and drug

screening [9–11]. An ideal behavioral system should be

automatic [12], easy to scale up, and compatible with

neural-circuitry technologies, including optogenetics [13],

chemogenetics [14] and imaging methods [15].

Previously, many automatic behavior-training systems

have been developed, for example, in studies of operant

conditioning [16], visual-task performance [17–19], odor-

based behaviors [20], pain sensitivity [21, 22], freezing

behavior during fear conditioning [23, 24], home-cage

phenotyping [25–27], anxiety [28], diurnal rhythms [29],

and social behavior [30–32]. Automatic training systems

have also been used in multiple behavioral domains,

including memory assessment [33], operant learning [34],

training limb function [35], and other cognitive tasks

requiring attention, memory, and decision-making in free-

moving rats [36, 37] and mice [38, 39]. Moreover, such

systems have also worked well in dissecting neural-

circuitry mechanisms underlying cognitive behaviors

[36, 40–42]. In this study, we sought to establish an

automatic and high-throughput training system for spatial

working memory in rodents.

Spatial working memory is the function of actively

holding spatial information in the brain before a subject

reaches a behavioral goal [2, 43–46]. Spatial working

memory links information from the past, the current goal,
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and the immediate act and is thus essential for daily life

and survival [40–43]. Deficits in spatial working memory

have been consistently observed in patients with many

brain disorders, such as schizophrenia [47]. Therefore, a

rodent spatial working memory paradigm is useful for both

understanding its related neuronal mechanisms [40, 48–53]

and serving as an endophenotype in preclinical studies

[54]. Previously, an automatic training system based on

delayed alternation between two choice arms was devel-

oped [55]; in this system, rodents are usually trained with a

delayed nonmatch to sample (DNMS) task or a delayed

alteration task. We thus added more goal arms to extend

the flexibility of the behavioral design.

We designed a high-throughput automatic training

system for spatial cognition (HASS) for spatial behaviors

in free-moving mice. Adopting explicit step-by-step train-

ing procedures, we trained mice to perform a spatial

DNMS task in the HASS. Mice reached stable correct rates

within a short training period. HASS could be a useful tool

in studying neural-circuitry mechanisms underlying spatial

cognitive functions.

Materials and Methods

Subjects

Male adult C57BL/6 mice (Shanghai Laboratory Animal

Center, CAS, Shanghai, China) aged 8–16 weeks before

the start of training were used for all experiments. Mice

were group-housed (4–6/cage) in the animal facility of the

Institute of Neuroscience and were maintained on a 12-h

light-dark cycle. Other than during behavioral training, all

mice were given ad libitum access to food and water.

During the training process, the water supply was

restricted. Mice could obtain water only during and

immediately after training. The water supply after training

was set to maintain 80% of their pre-training bodyweight.

All procedures were approved by the Animal Care and Use

Committee of the Institute of Neuroscience at the Chinese

Academy of Sciences in Shanghai, China.

Behavioral Setups

The HASS was composed of a maze, detecting units, door-

controlling units, rewarding units, and Arduino-based

(https://store.arduino.cc/usa/mega-2560-r3) hardware-con-

trolling and data-acquisition units (Fig. 1A). All peristaltic

pumps and steering engines were controlled by Arduino-

based processors (Arduino MEGA 2560) and customized

software.

The white acrylic maze was amerge of a T- and a

Y-maze (Fig. 2A), including one home-arm and four goal

arms. Within the four goal arms, two arms at 180� were

termed ‘‘T’’ arms, whereas the other arms at a smaller

angle (60�) were termed ‘‘Y’’ arms. Each arm was

connected to a door-controlling unit, a rewarding unit,

and an infrared detecting unit. A round acrylic plate

embedded in the central area that was controlled by the

steering engine could rotate by pseudorandom angles (90�,
120�, 150�, or 180�) to remove traces of a previous visit

during the delay. The details for the maze can be found in

CAD files in the supplementary materials and the GitHub

website (https://github.com/Caticorn/CAD-acrylic-five-

arm-maze).

A door-controlling unit was composed of a servo [Futaba

S3003 (https://www.towerhobbies.com/cgi-bin/wti0001p?

123&I=FUTM0031&P=3), c1 in Fig. 2B, D], a metal rud-

der arm (25 Tooth, 37 mm, c2 in Fig. 2B, D), and an acrylic

door (Fig. 2B). The steering engine was fixed under the

floor of each arm (Fig. 2B, D) and connected to a rudder

arm through a hole in the floor. The door, fixed to the rudder

arm, could be open or closed when the servo, controlled by

an Arduino board, rotated by 0� or 90�. There were two

door-controlling units for the home arm and one for each

goal arm. In addition to door-controlling units, another

servo was fixed under the round acrylic plate (Fig. 2A, D)

through the original X-shaped servo arm (38 mm) to rotate

the central floor by a pseudorandom angle (90�, 120�, 150�,
or 180�) during the delay. In summary, seven servos (six for

door control and one for rotating the central plate), six

acrylic doors, one X-shaped servo arm, and six metal rudder

arms were needed for each maze.

A pair of infrared elements, an infrared LED (wave-

length: 940 nm, U ¼ 5mm; d1 in Fig. 2C, D) and an

infrared sensor (U ¼ 5mm; d2 in Fig. 2C, D), was

separately embedded on the two sidewalls of each arm as

detection units. The infrared sensor detected animal motion

when a passing mouse blocked the infrared beam. Mouse-

passage events were detected and sent to the Arduino

board, which logged the event and triggered the next

process according to the training protocol. In each maze,

there were five infrared LEDs and five paired infrared

sensors.

At the end of each arm, a metal water port with a blunt

tip (r1 in Fig. 2D) was connected to a peristaltic pump

(Runzei RZ1020A or Kamoer KFS-HB2B03R, r3 in

Fig. 2D), which pumped water from the connected bottle

(r2 in Fig. 2D) to the water port through tubes (15–20 cm,

r4 in Fig. 2D) under the control of the Arduino board

[17–19]. The volume of the water reward was controlled by

the duration of the digital output signal. The peristaltic

pumps indifferent arms of the same system were adjusted

to the same flow rate to balance the reward size in each

goal arm. In summary, there were five peristaltic pumps,

five bottles, and ten water tubes in each system.
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All the above units were connected to the Arduino

boards. In the current version, two Arduino boards were

used: the motherboard accepted analog input from the

infrared sensors and sent control signals (digital output) to

peristaltic pumps and a secondary board, which then sent

control signals [pulse width modulation (PWM) output]

directly to servos based on the signal from the motherboard

(Fig. 3A). When a mouse entered an arm (Fig. 3B�), the

infrared sensor detected it and sent a signal to the Arduino

board (Fig. 3B`, analog signal lower than threshold); then,

according to the task phase, the processor sent a control

PWM signal to the servo to control the opening or closing

of the corresponding doors (Fig. 3B´) and a digital signal

to the peristaltic pump to control water delivery

(Fig. 3Bˆ).

During training, the event information and the times-

tamps were sent back to a computer via a USB-simulated

serial-port interface and recorded by a customized JAVA

program, as in Ref. [20]. The saved information included

the arm-indexes of the sample and choice arms, the trans-

passing of the mouse, the on/off events of the peristaltic

pump, and the start/end times for a given trial. The source

code for behavioral training and data acquisition is

available in the supplementary materials and the GitHub

website (code for hardware control at https://github.com/

Caticorn/high-throughput-automatic-training-system-for-

spatial-cognition, and code for behavioral data analysis at

https://github.com/Caticorn/DNMS-behavior-analysis).

A wide-angle camera above the maze monitored the

motion of mice during training. Optogenetics, calcium-

imaging, and recording units could be added as extended

modules when needed. For optogenetic extended units, the

laser could be connected to the digital pin of the

motherboard (Arduino MEGA2560) and controlled by a

TTL signal (timestamp) to temporally and specifically

switch on or off during various training durations. The

processor could also send a time stamp (TTL signal) to

synchronize imaging and recording units.

Behavioral Paradigm

In the spatial DNMS task, each trial is composed of a

sample and a choice phase, with a delay offixed or varying

duration between the two phases (Figs. 4, 5). A sample arm

is open at the start of the sample phase. The mouse runs

from the home arm to the sample arm to receive a small

amount of water reward (*3.5 lL, 60 ms in duration).

Then, the mouse returns to the home arm. The home-arm

doors are then closed, and the mouse remains there for the

entire delay duration. During the delay period, the rotatory

plate embedded in the center is rotated by a pseudorandom

angle. Two goal arms are opened in the choice phase: one is

the same as the sampled arm, and the other is non-matched

to the sampled arm (target). To simplify the task statistics,

only the combination of ‘‘Y–Y’’ or ‘‘T–T’’ arms were used

in this study. That is, after a sample trial of a particular ‘‘T’’

arm, in the choice phase only two ‘‘T’’ arms are opened. In

‘‘Y’’ arm sample trials, only the ‘‘Y’’ arms are opened. After

the delay, the home-arm door is opened, and the mouse

needs to decide between two goal arms. In the DNMS task,

if the mouse first enters the non-matched arm, the trial is

regarded as a ‘‘hit’’ and triggers water delivery (*5.5 lL,
100 ms) in the chosen arm. Furthermore, the mouse then

returns to the home-arm to receive an additional 3.5 lL of

water at the end of that arm. Conversely, if the mouse enters

the matched arm first, the trial is defined as a ‘‘false’’ trial

and no water reward is delivered in any arm. A mouse is not

specifically punished after a false choice except for the lack

of a reward. A predetermined intertrial interval is then

applied when the mouse is waiting in the home arm.

Fig. 1 Photograph (left) and

schematic (right) of the high-

throughput automatic training

system for spatial cognition.

Arrows represent the direction

of flow of hardware states and

control signals.
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Behavioral Training

Water Restriction

Once training started, the mice could drink water only

during and immediately after a task, and the minimum

water intake per day was 0.6 mL to keep the animals

healthy. Mice were weighed daily and maintained at 80%

of the pre-training level.

Habituation

Mice were habituated for two days in the training system at

the beginning of the training process (Fig. 6). On each day

of habituation, the mouse was gently and individually put

in the home arm and allowed to freely explore the maze

with all doors open for one hour. After daily habituation,

mice were weighed and supplied with water in their home

Fig. 2 Components of the

HASS. A Isometric view of the

radial five-arm maze.

B Schematic of a door-control-

ling unit. C Schematic of the

passage-detection unit. Left:

infrared sensor detects the

infrared beam emitted from the

infrared LED and sends a high-

voltage signal to the Arduino-

based processor. Right: when a

passing mouse blocks the infra-

red beam, the infrared sensor

outputs a low-voltage signal.

D Locations of various

components.
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cage for 10min. No water was given from the water ports

within the maze in this step.

Automatic Shaping

For the subsequent 2–5 days, mice underwent behavioral

shaping (Fig. 6). Each shaping trial consisted of a sample

and a choice phase, with or without a delay period in

between (Fig. 7A). One of the four arms was open pseudo

randomly in the sample phase. Then, the mouse was

expected to explore the sample arm to obtain water

(3.5 lL) at the end of the arm. After the mouse returned

to the home arm, water was delivered at the end of the

home arm (3.5 lL) to teach mice the ‘‘come-back’’ rule:

return to the home arm after exploring a goal arm. Then,

another arm was opened as the choice arm (nonmatched

arm) in the choice phase. Similar to the task training step,

in the shaping phase, only the combination of ‘‘Y’’–‘‘Y’’ or

‘‘T’’–‘‘T’’ arms was used. During the shaping phase,

entering either arm resulted in a water reward (*5.5 lL) in
the chosen arm. Mice would also obtain another water

reward (3.5 lL) at the end of the home arm after the choice

phase.

At the early stage of the shaping phase, there was no

delay between the sample and choice phases. Furthermore,

the home doors were kept open to prevent the mice from

being hit by the closing doors and to minimize the ambient

noise. After mice were familiarized with the ‘‘come-back’’

rule and ran sufficiently quickly, the home arms were

closed after a mouse returned, and it was kept inside for 5s

during the delay period.

After daily shaping steps, the mice were weighed and

supplied with water in their home cage for 10 min. Once

mice were able to complete 60 shaping trials in 2 h, they

commenced training on the DNMS task in the radial five-

arm maze.

Fig. 3 The HASS workflow.

A Schematic of the connections

and communication in the

apparatus. B� When the mouse

passes a sensor (gray arrow

represents the direction of

mouse movement), ` the infra-

red beam is blocked, and ´ the

door is closed (or opened) by a

servo (red arrow represents the

direction of door rotation); then,

ˆ water is delivered (blue arrow

represents the direction of water

flow) by a peristaltic pump.
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Task Training

As noted above, each DNMS trial consisted of a sample

and a choice phase, with a delay period in between (5–60 s,

Fig. 8A).

After exploring the sample arm, a mouse returned to the

home arm and remained inside during the delay period.

Unlike in the shaping phase, water was not delivered in the

home arm during the delay period, as the mice were

already familiar with the ‘‘come-back’’ rule. The sampled

arm (matched arm) and another goal arm (nonmatched

arm) opened as two alternative choices. As noted

previously, only the combination of ‘‘Y–Y’’ or ‘‘T–T’’

arms was used. Mice could receive a water reward

(*5.5 lL) only by first entering the nonmatched arm. To

increase the difference between hit and false trials, extra

water was delivered in the home arm (*3.5 lL) after a hit
trial. Mice were not punished in error trials aside from the

lack of a water reward in all arms. A trial ended once the

mouse ran back to the home arm after a hit or false choice.

Then, the mouse remained in the home arm until the next

trial.

In the fixed-delay design, the delay was fixed at 5 s for

all trials. In the varied delay design, the delays in the

Fig. 4 Flowchart for the spatial

DNMS task. Background color

indicates trial phase: orange,

sample phase; blue, choice

phase; gray, delay duration and

intertrial interval.
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different trials varied among 5 s, 30 s, and 60 s. The

sample and choice arms were pseudo randomly selected

trial-by-trial and balanced among all trial conditions (‘‘T–

T’’, ‘‘Y–Y’’, left, right) in one training day.

Behavioral Data Analysis

Typically, the behavioral performance was averaged per

day. In the shaping phase, the percentage of choosing the

nonmatched arm (R) was defined as follows:

Fig. 5 Example trials. Left,

time line marked with trial

events. Middle, example of a hit

trial. Right, example of a false

trial. Red lines represent the

trace of the mouse. All images

were captured from an example

video in the supplementary files.
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Percentage of choosing the nonmatch arm

¼ number of the trials in which the nonmatched

armwas chosen=total number of trials� 100%:

In the task training phase, the correct performance rate

(referred to as ‘‘performance’’ in the figure legends) was

calculated per day.

Results

Overview of the Hardware, Software, and Auto-

matic Training Protocol

The HASS allowed fully-automatic training. The events of

mice passing by at different locations were detected by

infrared sensors and registered by the program built into

the Arduino motherboard. The Arduino-based control unit

sent control signals to trigger the following processes: door

opening and closing driven by servos, and water delivery

by peristaltic pumps (Fig. 3). The embedded round acrylic

plate controlled by a servo rotated by a random angle

during the delay period to remove traces of a previous visit.

The only steps human operators needed to perform were

the preparation before training and cleaning the equipment

after training.

To minimize human intervention during the entire

training process, we developed a step-by-step training

protocol. The protocol included one preparatory step (ha-

bituation) and two training phases (shaping and task-

learning, Fig. 6). The naı̈ve mice were automatically trained

with this protocol. All of the mice performed the spatial

DNMS task at a stable level after training (see below).

The first step of training was shaping (Figs. 6, 7A) the

‘‘come-back’’ rule, which had the following three aims: (1)

to train the mice to run back to the home arm after

exploring the goal arms; (2) to teach mice to obtain a water

reward delivered at the end of each arm; and (3) to allow

mice to be familiar with the closing/opening of the doors.

On the first day of shaping, all mice quickly learned to

drink the water delivered from the water port within several

trials. They still spent some time exploring other closed

doors between the goal and home arms during this step.

The mice were expected to complete at least 50 trials in

2 h. The daily shaping phase ended when the mice

performed 60 trials or the training lasted more than 2 h.

This phase lasted for 3–5 days.

The following step was the DNMS task training phase

(Figs. 6, 8A). During this phase, the mice had to remember

Fig. 6 Left, step-by-step auto-

matic training procedure. Right,

corresponding schematics for a

mouse in different phases of

training. During habituation, all

doors are open. During the

shaping phase, mice obtain a

water reward in either arm in

the choice period. During the

DNMS training period, mice

obtain water only in the non-

matched arm in the choice

period.

123

396 Neurosci. Bull. June, 2019, 35(3):389–400



the information of the sampled arm and enter the non-

matched arm in the choice phase to obtain a water reward.

Two types of sessions were designed: normal and teaching

sessions. In the normal session, the sample and choice arms

were pseudo randomly chosen and varied from trial to trial.

In this session, the number of trials was balanced for all the

sample and choice arms. In the teaching session, error-

correction trials were applied if the mice consistently made

errors. In the error-correction trials, the sample arm of the

last trial was repeated until the mouse completed a hit trial.

The training started with a normal session and switched to

a teaching session when mice performed at low accuracy

(\65%) and exhibited no increase on consecutive days.

After training, mice performed the DNMS task at a

stable level.

Mice Showed a Preference for the Nonmatched Arm

in the Shaping Phase

We trained 6 naive mice to perform the spatial DNMS task.

Before task training, mice underwent behavioral shaping

(Fig. 7A). Although mice were allowed to make free

choices in this phase, the rate of choosing the nonmatched

arm was higher than chance [day 1 (mean ± SD), 65.4±

12.3%; day 2, 71.1 ± 19.3%; day 3, 70.6 ± 10.6%,

P = 0.031]. Two-way ANOVA yielded a main effect for

the nonmatched arm preference, F(1, 30) = 61.58,

P\ 0.001, such that the average rate of choosing the

nonmatched arm was significantly higher than that of

choosing a matched arm. The main effect of days was not

significant, F(2, 30) = 0, P = 1, indicating that such a

preference was stable across days. The interaction effect

was not significant, F(2, 30) = 0.55, P = 0.581(Fig. 7B,

two-way ANOVA). This phenomenon is consistent with

the idea that rodents are likely to use a win-switch strategy

in foraging [55–62].

At the beginning of shaping, the mice explored other

closed doors or entered the same arm repeatedly. The

average time per trial was [150 s on day 1 of shaping

(176 ± 86 s), and most of the mice could not complete 60

trials in 2 h. After shaping for 3 days, the average duration

of each trial decreased (day 2, 117 ± 41 s; day 3,

100 ± 32 s). The main effect of training yielded an F

ratio of F(2, 10) = 6.06, P = 0.019 (Fig. 7C, repeated

measures ANOVA), indicating that the mice were already

familiar with the ‘‘come-back’’ rule and ready for DNMS

task training.

Fig. 7 Behavioral results for

shaping. A Schematics of the

behavioral design for shaping,

showing one example trial with

a ‘‘T’’ arm configuration. B Rate

of choosing the nonmatched

arm in the shaping phase; each

gray curve represents one

mouse and the black curve rep-

resents the mean value for all

mice (two-way ANOVA, main

effect of nonmatched arm pref-

erence, F(1, 30) = 61.58,

P\ 0.001; effect of days, F(2,

30) = 0, P = 1; interaction

effect, F(2, 30) = 0.55,

P = 0.58). C Average time to

finish one trial (repeated mea-

sures ANOVA, F(2, 10) = 6.06,

P = 0.019; gray curves repre-

sent single cases, black curve

represents average data).
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Training for the DNMS Task

After shaping, the mice underwent training for the DNMS

task in the HASS. In the first 4 days, the delay was fixed at

5 s, and the intertrial interval was 10 s. In this design, the

mouse had to temporally maintain the information of the

location of the sampled arm during the delay period

(Fig. 8A). Consistent with their preference for a non-

matched arm, as shown in the shaping phase, the perfor-

mance on day 1 of training was above chance level (50%).

The main effect of training yielded an F ratio of F(3,

15) = 5.17, P = 0.012, indicating that the performance

significantly increased after the 4 days of training (Fig. 8B,

repeated measures ANOVA). The total number of trials

completed in 4 days was *240.

In the following days, the mice were trained to perform

the DNMS task with varying delays. Compared with the

fixed-delay version, the task structure was the same but

delay varied among 5 s, 30 s, and 60 s. The trial number at

each delay was balanced. The main effect of delay duration

yielded an F ratio of F(2, 15) = 22.11, P\ 0.001, indicat-

ing that mice performed better in 5-s delay trials

(91.8 ± 8.7%) than in trials at a 30-s (75.0 ± 12.7%) or

60-s delay (68.7 ± 12.9%). However, the main effect of

different days yielded an F ratio of F(4, 60) = 1.55,

P = 0.200, indicating that the performance for each

condition was stable during 5 days of training (Fig. 7C,

mixed two-way ANOVA).

Discussion

A suitable behavioral paradigm is the key to understanding

the mechanisms underlying cognitive functions. Moreover,

an optimized training system can improve data quality as

well as training efficiency. Here, we presented the HASS,

an automatic system with four choice arms for training

spatial cognitive behaviors in free-moving mice. More

arms than the traditional T-maze and Y-maze were added,

which allowed more flexibility in the behavioral design,

allowing the study of other brain functions. For example,

the behavioral rule can be different in the different ‘‘T’’ and

‘‘Y’’ arms in our system. Therefore, one can easily study

the neural mechanisms underlying rule-switching.

To decrease human bias during behavioral experiments

as well as increase efficiency, we developed this training

system, which allows fully automatic training. Human

operators only needed to test and adjust the training units

before and after training, gently put mice in the home arm,

close the light-blocking curtain, select and run computer

Fig. 8 Behavioral results of the

DNMS task. A Schematics of

the behavioral design for the

DNMS task, showing one

example trial with a ‘‘T’’ arm

configuration. B Performance of

mice in the DNMS task with the

delay fixed at 5 s. Gray curves

represent different mice; black

curve represents averaged per-

formance across mice (repeated

measures ANOVA, F(3,

15) = 5.17, P = 0.012). C Per-

formance of mice in the DNMS

task with different delays

(mixed two-way ANOVA,

delay effect, F(2, 15) = 22.11,

P\ 0.001; training effect, F(4,

60) = 1.55, P = 0.200).
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software controlling the training protocols, run the monitor,

and retrieve the mice after training was complete. There

were benefits from using the automatic training system and

training protocol, and human intervention was minimized.

Mice could be trained in different systems simultaneously

in a short period, thus increasing efficiency. With this

explicit training protocol, behavioral results from different

operators or labs are comparable.

The stress level of the mice was minimized by removing

human intervention from the entire session, minimizing the

chance of getting hit by an opening/closing door, and

reducing the ambient noise in shaping sessions.

A current limitation is that the HASS monitors only the

mouse-passage events as behavioral readouts. To obtain a

deeper understanding of the behavior and underlying neural

circuit, one would also like to integrate more monitoring

systems for behavioral events, such as head direction

[63, 64], movement speed [65], trace, and animal position

[6, 7, 66]. Aside from the infrared signal, the recorded video

could be used to analyze these behavioral events.

Another limitation is that the number of daily training

trials was limited to 60, which could be a shortcoming

under various trial conditions (for instance, varying delay

durations and the catch-trial design of optogenetic pertur-

bation). Fortunately, the performance of mice was

stable after a thorough training period (Fig. 7B, C),

allowing cross-day data accumulation during a long

training process.

The HASS allows automated training of spatial behaviors

in free-moving mice. Our design also supports high-through-

put behavioral screening. In summary, the current system is a

good choice for circuitry studies of spatial behavior.
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