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NELURONS

We are using IBL dataset
and trying to find patterns
in intra region
communication flow and
information deceding during
a Visually-Guided Decision-
Making Task

Investigating Communication Flow

in the Visual Hierarchy
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Simultaneous recordings across thalamocortical visual areas during a decision-

making task

Dataset
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IBL- Experiment Setup for Data Cellection
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SUBJECTS: 115 MICE (80 TASK: VISUOMOTOR BEHAVIOURAL CUES: VISUAL GOAL: IDENTIFY BRAIN-WIDE
MALES, 35 FEMALES) DECISION-MAKING USING A STIMULUS, CHOICE, FEEDBACK NEURONAL CORRELATES OF
ROTATING WHEEL. (REWARD/NOISE), AND SENSORY, MOTOR, AND
REACTION TIME. COGNITIVE VARIABLES.
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Latency Analysis
AREA OF INTEREST @ VISa and LGd

VISa Latency(time of peak) = 0.185 s

Mean PSTH ard Peai for ViSa
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OBSERVATIONS yi \

1.Time lag exists in 1 probe of 30 ms.

2. Inconsistent over sessions l6d: 145 ms |

VISa @ 135 ms

b modulation index (MI). The formula is:

Latency Analysis
AREA OF INTEREST : VISa and LGd

Distribution of Modulation Indices for Top 25% LGd and ViSa Clusters

.+ |pre — post]|

~ |pre + post]|

i m LGd (Top 25% MI)
Visa (Top 25% MI)

Modulation Index

POINTS TO PONDER

. LGd has a high baseline activity on its own. The activation need not be
a peak or region is invelved in different pathways

. Between Visual regions VISam and VISpm, we observed no lag (1 session )
kut not reliakle kased on latency histogram
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LGd Latency(time of peak) = 0155 s

Mean FSTH and Peak for LGd

LGd VISa
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Distribution of Peak Latencies for Top 25% Modulated LGd Clusters

= LGd (Top 25% MI)
—— Mean LGd Latency: 0.441 5
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Peak Latency from Stimulus Onset (5]

Distribution of Peak Latencies for Top 25% Modulated ViSa Clusters

= VISa (Top 25% M)
— = Mean VISa Latency: 0.406 5
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Peaic Latency from Stimulus Onset (s)

441 ms
406 ms

LGd mean latency :
VIS5a mean latency :



Latency Comparison in VISa and LGd for all probes

Timing Hierarchy in LGd & VISa

e LGd responds faster than VISa in all four sessions

Latency (ms)

e VISa shows greater variability

e Boxplots show clear separation in latency distributions bhetween

regions

Visa LGd
Brain Region

Latency Comparison Across Regions for S1 Latency Comparison Across Regions for S2 Latency Comparison Across Regions for S3 Latency Comparison Across Regions for S4
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. . LGd clusters with peak latency: VISa clusters with peak latency:
LGd clusters with peak latency: ViSa clusters with peak latency: Brain Region

LGd clusters with peak latency: ViSa clusters with peak latency: Brain Region

Brain Region LGd clusters with peak latency: VISa clusters with peak latency:

Sl 52 53 S4 Brain Region

Cross Correlation — e

Analyze timing between thalamic (LGd) and cortical o

(VISa) visual regions

Cross-correlation

Independent session results

o Some sessions show LGd leads VISa (expected)

o Others are inconsistent — likely due to

variakility in neuren sampling

Across session analysis

Cross-correlation between LGd VISa Cross-correlation between LGd VISa

e LGd leads VISa by ~B6 ms on average
o Not statistically significant (p = 0.1811) -

small number of sessions

Cross-correlation
Cross-correlation
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-200

o Suggests directional thalamocortical flow

00
Time lag (s)

o Effect may ke real, but underpowered



04 Prior Information
Modelling

What about the 0 contrast trials?

Hypothesis

During zere contrast trials, the mouse relies seclely on prier expectations - specifically, its internal

prediction of the block bhias (i.e. 'probabilitylLeft’) - to make a decision.
Pipeline

Step 1: Is the klock bkias estimated reliakly by the mouse?

— Predict block bias from pre-stimulus neural activity.

Model Input Variable Trial Type Predicted Output Accuracy

Block Bias (All trials) Pre-stimulus firing All contrast levels Block Bias 57.7%
(-0.5 to 0s) (02/0.5/0.8)

Block Bias (Strong bias Pre-stimulus firing Only 0.2 & 0.8 Block Bias (0.2 vs
only) (-0.5 to 0s) blocks 0.8)

Significant accuracy — Mouse encodes the block structure internally.




Step 2. Does this internal kias drive choice?

— Decode choice from the same pre-stimulus activity.

Choice (All trials) Pre-stimulus firing All contrast levels Mouse Choice (L/R) 51.5%
(-0.5to 0s)

Choice (0% contrast Pre-stimulus firing Only 0% contrast Mouse Choice (L/R) 59.4%
only) (-0.5 to 0s) trials

‘I Higher accuracy in 0% contrast trials — Prior guides decisions under uncertainty.

Interpretation

e These results show that the mouse brain reliakly encodes the klock bhias setup by the experiment.
e Choice decoding improves in zere contrast trials
e Suggests that internally stored priors guide decisien-making when ne visual input is availakle
Limitations
e This analysis is done on a single session tagged with MOs. Mere region- and session-wise deceding is

needed for generalization,

Visual Stimuli
(jF and Decisien

Cheice Decoding




PSTHS CONDITIONED ON CHOICE

Average PSTH for Neuron 68 by Mouse Choice

—— Choice: Left (0)
l ---- Choice: Right (1)
i Event Onset

FEATURE IMPORTANCE

RSy Neuron D Feature Importance Plot
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MODELS FOR DECODING VISUAL STIMULI -mrn, apw,

Full Dataset High Contrast Dataset

AcCC
MODEL ura | auc iif 'E’g Fl ::A J:C ACCUR RECAL KAPP
cY g MODEL ACY AUC L PREC. |F1 A McC
Random Forest
Rund_O_m Forest 0722307745 07223 (0745 |0.70906 [0.4237 (0453 e 0.9017 0958 [0.901 |0.212 [0.900 [0.797 |0.808
Classifier 3
- - Exira Trees Classifier |0.8950 [0.961 [0.895 [0.903 [0.894 [0.784 [0.793
z;‘::'f:‘: Boosting 5 4077 |0.7748  [0.6977 0701 |0.6927 |0.3842[0.390

RandomForesiClassifier Confusion Malrix
RandomForestClassifier Confusion Matrx

Trua Class
Trve Class.

o -
Pradicted Class

ROC Curves for RandomF orestClassifior

Prodiciod Class

ROC Curves for RandomForestClassitier

Root,

DG, CALl, VISpm, VISam

PCA

Accura Recal Kay
Model AUC Prec. | F1 PP | mee
cy | a
Logistic osg1y | 0945 | 0881 [0893 | (oo | 0758 [o07e8
Regression 5 3
SVM - Li
inear g4z | 0909 0848 o855 | o | 0667 |0693
Kernel 8 1 3
LopsicRapression Confusion Matrx
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Trve Posiive Rate.
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Falso Posive Rate

— ROC of lass 0,AUC 070
ROG of s 1.AUG =070
micro-average ROC curve, AUC = 073
macic-average ROC cuve, AUC = 0.70

08 10

Full Dataset

True Positve Rate.

— ROC of dass 0,AUC = 096
ROC of class 1, AUC = 096
micro-average ROC curve, AUC = 096
macio-average ROC curve, AUC = 096
08 08 0 10
False Posiive Rate

—— ROC of dlass 0. AUC =095
ROG of dlass 1, AUC = 0.95
micro-average ROC curve, AUC
macro-average ROC curve, AU(

04 06 08
False Positive Rate

MODELS FOR DECODING DECISION CHOICE -Po, LD, CA3, CA2, CA1, Root, SSp-tr

PCA

True Positive Rate

ROC Curves for RandomForestClassifier

— ROCof dass 0, AUC = 088
ROC of class 1, AUC = 088
micro-average ROC curve, AU
macro-average ROC curve, AU
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False Posiive Rate

Trus Positive Rate

Model Accurac | puc | Recall | Prec. F1 |Kappa | Mcc
Model| Accuracy AUC| Recall Prec. F1| Kappal MCC| Y
Linear Discriminant Analysis ~ [0.8718 |0.9060 [0.8718 |0.8728 [0.8704 |0.6999 [0.7037
Random Forest Classifier| 0.8619| 0.8776( 0.8619| 0.8707( 0.8529| 0.6514( 0.6752
ligh Gradient Boosting| o 00 17| 6 ea15| 08617| o0ss12| 08s86| 06690| 06743 Ridge Classifier 0.8692 |0.9066 |0.8692 |0.8697 |0.8677 [0.6932 |0.6967
‘Machine
RandomForesiClassier Gorfuson Matrx
LinearDiscriminantAnalysis Confusion Matrx
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Prodiced Class

ROC Curves for LinearDiscriminantAnalysis

— ROC of dass 0, AUC = 087
ROC of dass 1, AUC = 087
micro-average ROC curve, AUC
macro-average ROC curve, AUC

04 [ o8
False Positive Rate




()7 Acknowledgments

.eglal Thanks

A bhig thanks to Tomi and Sara. Prof Albertoe Antonietti , Lead TAs,
Project mentors without your guidance we wouldn't have learned so
much in such a short time indeed. We'd also like to extend special
thanks te everyone whe contributed to our journey,all your help has
bkeen invaluakle, and we are grateful for your encouragement and
guidance.




